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Available online 27 March 2015AbstractThe present study is to optimize the process parameters for friction welding of duplex stainless steel (DSS UNS S32205). Experiments were
conducted according to central composite design. Process variables, as inputs of the neural network, included friction pressure, upsetting
pressure, speed and burn-off length. Tensile strength and microhardness were selected as the outputs of the neural networks. The weld metals had
higher hardness and tensile strength than the base material due to grain refinement which caused failures away from the joint interface during
tensile testing. Due to shorter heating time, no secondary phase intermetallic precipitation was observed in the weld joint. A multi-layer per-
ceptron neural network was established for modeling purpose. Five various training algorithms, belonging to three classes, namely gradient
descent, genetic algorithm and LevenbergeMarquardt, were used to train artificial neural network. The optimization was carried out by using
particle swarm optimization method. Confirmation test was carried out by setting the optimized parameters. In conformation test, maximum
tensile strength and maximum hardness obtained are 822 MPa and 322 Hv, respectively. The metallurgical investigations revealed that base
metal, partially deformed zone and weld zone maintain austenite/ferrite proportion of 50:50.
Copyright © 2015, China Ordnance Society. Production and hosting by Elsevier B.V. All rights reserved.
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Duplex stainless steel has equal phase balance of approxi-
mately equal amounts of ferrite and austenite. It has a mixed
microstructure consisting of ferrite (bcc) and austenite (fcc)
phases. The duplex stainless steel exhibits higher resistance to
stress corrosion cracking and has higher strength than
austenitic stainless steel. As a result of these positive factors,
the duplex stainless steel is widely used in the oil and gas,
petrochemical, pulp and paper, and pollution control in-
dustries. It is well known that the duplex stainless steel ex-
hibits good weldability, but the melting and solidification
associated with fusion welding processes destroy the favorable* Corresponding author. Tel.: þ91 431 2503510; fax: þ91 431 2500133.
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2214-9147/Copyright © 2015, China Ordnance Society. Production and hosting byduplex microstructure of this stainless steel [1,2]. A major
concern with fusion welding of duplex stainless steel is the
formation of detrimental intermetallic phases at elevated
temperatures. Sigma and chi phases form in duplex stainless
steels at elevated temperature and precipitate preferably in the
ferrite. This will considerably affect the toughness of the
welded joint [3]. The formations of these phases are due to the
high chromium and molybdenum contents. The problem
mentioned above can be overcome by employing solid state
welding process like friction welding.
Friction welding is a solid state welding process. It makes
use of frictional heat generated on the rubbing surfaces to raise
the temperature at the interface, which is high enough to cause
the two surfaces to be forged together at high pressure. Fric-
tion welding has significant economic and technical advan-
tages. The present study utilized a continuous drive friction
welding machine. In continuous drive friction welding, oneElsevier B.V. All rights reserved.
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with the second part at an applied pressure. The rotation and
pressure are maintained for a specific period to ensure
adequate thermal and mechanical conditioning of the interface
region. Thereafter the rotation is stopped by forced braking,
and at the same time the pressure is increased to forge the parts
together. The application of an axial force maintains an inti-
mate contact between the parts and causes the plastic defor-
mation of the material near the weld interface.
The friction welding finds widespread industrial use as a
mass production process for the joining of materials. Friction
welding process allows welding of several materials that are
extremely difficult to fusion weld. The friction welding pro-
cess parameters play a significant role in making good quality
joints [4]. To produce a good quality joint, it is important to set
up proper welding process parameters. Therefore, identifying
the suitable combinations of process input parameters to
produce the desired output requires many experiments, making
this process time-consuming and costly [5].
So as to avoid this problem, various optimization methods
can be applied to define the desired output variables by
developing the mathematical models to specify the relation-
ship among the input parameters and output variables.
Generally, the quality of a weld joint is directly influenced by
the welding input parameters during the welding process.
Therefore, welding can be considered as a multi-input multi-
output process. Though several studies have been made on
weld quality by considering response variables separately, the
report on simultaneous consideration of response variables in
friction welding of DSS material is scarce.
Artificial neural network (ANN) is a modelling technique
which is inspired by the structure and functional aspects of
biological neural networks. It has been widely used for
modelling manufacturing related problems. ANN eliminates
the limitations of the classical approaches by extracting the
desired information using the input data. Applying ANN to a
system needs sufficient input and output data instead of a
mathematical equation [6,7]. ANN is a good alternative to
conventional empirical modeling based on polynomial and
linear regressions [8]. Employing the neural networks models
would lead to time and cost saving by predicting the experi-
mental results [9]. Sathiya et al. [10] used the evolutionary
computational techniques optimize the friction welding pa-
rameters. The suggested methods were used to determine the
welding process parameters by which the desired tensile
strength and minimized metal loss were obtained in friction
welding. They described how to obtain near optimal welding
conditions over a wide search space by conducting a smaller
number of experiments. Paventhan et al. [11] have done the
optimization of friction welding process parameters for joining
carbon steel and stainless steel. They developed an empirical
relationship to predict the tensile strengths of friction welded
AISI 1040 grade medium carbon steel and AISI 304 austenitic
stainless steel, incorporating the process parameters, namely
friction force, forging force, friction time and forging time
which have greater influence on strength of the joint. Response
surface methodology was applied to optimize the frictionwelding process parameters to attain maximum tensile
strength of the joint. Koen et al. [12] developed a new welding
method for fully automatic pipelines girth welding using a new
friction welding machine. The proposed new welding proce-
dure, called Friex, is a new variant of the well-known friction
welding process. An intermediate ring is rotated between the
pipes to be welded to generate the heat necessary to realize the
weld. Luo et al. [13] designed a mixed-integrated approach to
control the welding flashes in the continuous drive friction
welding on small diameter tubes and then eliminate the
problems of the inner friction welding flashes. Experimental
results show that this mixed-integrated approach is used to
reduce the sum of the inner welding flashes to control the
crimping direction of the friction welding flashes, which
promotes the forming of the outer friction welding flashes.
Udayakumar et al. [14], carried out the experimental investi-
gation on super duplex stainless steel and attempted to develop
the mathematical models based on response surface method-
ology in order to predict the corrosion current and impact
strength as a function of key input parameters in the friction
welding process. They found that the friction force is a sig-
nificant parameter for changing the impact strength. Friction
force and burn-off length have a negative effect on impact
strength. As the friction force increases, the impact strength
decreases.
In a very recent investigation, an attempt has been made to
optimize the process parameters of activated tungsten inert gas
(ATIG) welding process for ASTM/UNS S32205 DSS joints to
obtain desirable aspect ratio and average ferrite number (FN).
This investigation revealed that, the joints were produced by
the optimized process parameters and their average ferrite
number (FN) in the weld zone is 71.62, and the ferrite content
is approximately 50.674% which is well within the acceptable
range [15].
From the above literatures, a very few investigations were
carried out on friction welding and the parameter optimization
of duplex stainless steel using evolutionary algorithms like
artificial neural networks (multiobjective optimization). The
aim of this work is to predict and optimize the friction welding
parameters of UNS S32205 duplex stainless steel using ANN
and PSO. The input (factors) parameters were friction pressure
(FP), upsetting pressure (UP), rotational speed (N) and burn-
off length (BOL), and the responses were tensile strength
(TS) and hardness. The five training algorithms selected were
batch back propagation (BBP), incremental back propagation
(IBP), quick propagation (QP), LevenbergeMarquardt (LM),
and genetic algorithm (GA). Among the five algorithms, the
QP algorithm had a better performance. The QP algorithm was
applied to the ANN network for modeling of friction welding
parameters and also to study the direct effect of the individual
parameters.
2. Material and methods
The base material chemical compositions of UNS S32205
duplex stainless steel were analyzed using an optical emission
spectrometer, and their values are presented in Table 1.
Table 1
Base material chemical composition (wt.%).
C Si Mn P S Cr Mo Ni N Fe
0.021 0.357 1.61 0.026 0.001 22.50 3.38 4.79 0.193 Rest
Fig. 1. Tensile-tested weld samples.
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preliminary welding trials and their parameter levels were
categorized as low, medium and high. The upper and lower
limits were identified and the different levels of process pa-
rameters are presented in Table 2.
The friction welding trials were conducted as per the cen-
tral composite rotatable factorial design consisting of 30 sets
of coded conditions [16]. The microstructure samples were
prepared as per the standard procedure. The samples were
prepared by electrolytically etching them in 10% oxalic acid at
9 V for 30 s as per ASTM E3-11. The mechanical character-
istics of friction welds were evaluated from tensile tests as per
the ASTM E 8 standards. The tensile-tested samples are pre-
sented in Fig. 1. Microhardness survey was carried out using a
HMV-2000 Vickers microhardness tester at 500 g load for
10 s.
3. Methodology
Typical ANN model flow chart was used in this study, as
shown in Fig. 2. The basic steps considered for designing the
neural network model are to collect the data required for
training the network, designing the network architecture and
training the network.
All data sets were obtained from the experiments
mentioned above and were divided into three parts, i.e.21, 5
and 4 data as training data, testing data and validation data,
respectively, which are summarized in Table 4. The training
data were used to compute the network parameters. The
Neural Power professional version 2.5 software tool was
employed in this study. The models were developed to
establish the inputeoutput correlations of the friction welding
of duplex stainless steel (DSS UNS S32205) using the neural
networks. ANNs were constructed with layers of units, and
thus termed multilayer ANNs. Multilayer perceptron (MLP)
neural network consisted of input, hidden and output units. A
single hidden layer network was used in this study. The op-
timum number of neurons in hidden layer was determined by a
series of topologies, in which the number of neurons was
varied from 1 to 30. The root mean square error (RMSE) was
used as the error function.Table 2
Upper and lower limits with different levels of the parameters.
Parameter Notation Factor levels
2 1 0 1 2
Friction pressure/MPa FP 45 65 85 105 125
Upset pressure/MPa UP 140 155 170 185 200
Speed/RPM N 1000 1250 1500 1750 2000
Burn-off length/mm BOL 2.5 3 3.5 4 4.5Experimental data were used to train the network. Scaled
data were passed into the input layer and then were propagated
from input layer to hidden layer and finally to the output layer
of the network. Every node in hidden or output layer first acted
as a summing junction which combined and modified the in-
puts from the previous layer using the following equation.
yi ¼ Sij¼1xiwij þ bj ð1Þ
where yi is the net input to node j in hidden or output layer; xi
is the input to node j (or output of previous layer); wij is the
weight representing the strength of the connection between the
ith node and jth node; i is the number of nodes; and bj is the
bias associated with node j.
In order to perform a supervised training, ANN output error
between the actual and predicted output results could be
evaluated. The following equations were used to find R, DC,
AAPD and RSME. DC reflects the degree of fit for theFig. 2. Typical ANN model flow chart.
Table 3
ANN algorithm setting for five learning algorithms.
Sl.No. Parameter Symbol BBP IBP QP GA LM
1 No. of neurons of the hidden layer Hn 9 4 4 10 8
2 No. of iterations Z 8000 5000 1000 15,000 8000
3 Momentum constant a 0.4 0.8 0.8 0.5 0.9
4 Learning rate ll 0.1 0.1 0.9 0.7 0.7
5 Slope/coefficient of hidden and output layer transfer function A 1 1 1 1 1
6 Mutation rate lm e e e 0.1 e
7 Cross over rate lc e e e 0.6 e
8 Population size Ps e e e 150 e
160 P.M. AJITH et al. / Defence Technology 11 (2015) 157e165mathematical model. The DC shows the level of model fitness.
If value of DC is closer to 1, the model is considered as a
better design and fits to the actual data.
R¼ S
n
i¼1ðEi EÞðPi PÞﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Sni¼1

Ei E
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where E ¼ experimental value P ¼ predicted value; E is the
mean value of Ei; P is the mean value of Pi. Coefficient of
determination isTable 4
Experimental values (training, testing and validation data), actual and predicted re
Sl no. FP/MPa UP/MPa S/rpm BOL/Mm E
Training set
1 65.0 155.0 1250.0 4.00 2
2 105.0 155.0 1250.0 3.00 2
3 125.0 170.0 1500.0 3.50 3
4 85.0 200.0 1500.0 3.50 3
5 105.0 185.0 1750.0 3.00 3
6 105.0 185.0 1250.0 4.00 3
7 65.0 155.0 1750.0 3.00 2
8 85.0 170.0 1500.0 2.50 2
9 85.0 170.0 1500.0 4.50 2
10 85.0 170.0 1500.0 3.50 2
11 105.0 155.0 1250.0 4.00 2
12 45.0 170.0 1500.0 3.50 2
13 65.0 185.0 1250.0 4.00 2
14 85.0 140.0 1500.0 3.50 3
15 65.0 185.0 1750.0 4.00 3
16 85.0 170.0 1500.0 3.50 2
17 105.0 155.0 1750.0 3.00 2
18 85.0 170.0 1500.0 3.50 2
19 85.0 170.0 1500.0 3.50 2
20 105.0 185.0 1250.0 3.00 3
21 85.0 170.0 1500.0 3.50 2
Testing set
22 105.0 185.0 1750.0 4.00 3
23 65.0 155.0 1750.0 4.00 2
24 105.0 155.0 1750.0 4.00 2
25 65.0 155.0 1250.0 3.00 2
26 85.0 170.0 2000.0 3.50 2
Validation set
27 85.0 170.0 1500.0 3.50 2
28 65.0 185.0 1250.0 3.00 2
29 85.0 170.0 1000.0 3.50 2
30 65.0 185.0 1750.0 3.00 3DC¼ 1 S
n
i¼1ðPEÞ2
Sni¼1

EE2 ð3Þ
Average absolute percentage deviation (AAPD) is
AAPD¼

Sni¼1
jPEj
P
	

n

 100 ð4Þ
RMSE¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Sni¼1ðPEÞ2
r
ð5Þsponses of QP model.
xp. mH/Hv Exp. TS/MPa Predicted mH/Hv Predicted
TS/MPa
90 773 290.822 772.5378
92 797 292.2361 797.6578
08 822 307.918 822.0806
25 820 324.0668 819.4455
09 825 309.9464 825.2684
07 818 306.9833 817.8246
91 776 290.4319 776.5216
86 804 285.933 802.6058
89 796 289.156 796.1963
88 803 287.4926 800.2556
95 792 294.1928 792.0761
95 775 294.9934 774.9691
97 795 297.9355 795.5949
00 775 299.84 774.9022
06 804 306.0057 804.0034
90 804 287.4926 800.2556
95 800 296.0282 799.5398
87 799 287.4926 800.2556
87 796 287.4926 800.2556
05 820 305.0549 820.5048
87 799 287.4926 800.2556
11 822 311.2862 825.7917
93 776 293.5437 773.8905
97 803 297.5423 793.4957
85 775 282.4168 775.305
92 800 299.2617 808.5007
85 797 287.4926 800.2556
96 802 297.3417 796.9982
85 795 288.399 797.4968
02 799 302.6845 809.4665
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AAPD and highest DC, R as the best ANN design.3.1. Optimization procedureParticle swarm optimization (PSO) was used to optimize
the friction welding parameters and its flow chart for PSO is
presented in Fig. 3. The trained data obtained from ANN
should be imported into PSO as the basic input data.
4. Results4.1. Selection of the best neural network modelThe gradient descent back propagation algorithms, Lev-
enbergeMarquardt algorithm and genetic algorithm were used
to train the neural networks. Then in order to determine the
optimum number of neurons in hidden layer, a series of to-
pologies was examined, in which the number of neurons
varied from 1 to 30. The root mean square error (RMSE) was
used as the error function. Also, the coefficient ofFig. 3. Flow chdetermination (R2) and the absolute average deviation (AAD)
were used as a measure of the predictive ability of the
network. Decision on the optimum topology was based on the
minimum error of testing. Each topology was repeated five
times to avoid random correlation due to the random initiali-
zation of the weights. A detailed parametric study was carried
out to obtain optimal set of parameters for the developed BBP,
IBP, QP, LM, GA models. The obtained ANN algorithm
setting for five learning algorithms are listed in Table 3.
The results for various algorithms are summarized and
presented in Table 3. As shown in Table 3, the QP algorithm
has a better performance relative to BBP, IBP, LM and GA
algorithms. Fig. 4 shows the plots of ANN predicted response
versus actual response with QP algorithms for the training and
testing data. From Fig. 4 it is seen that the calculated and
observed hardness's and tensile strengths have almost the same
values for QP algorithms.
The percentages of contribution to the individual input
parameters are presented in Fig. 5.
From Fig. 5, it can be seen that the upsetting pressure is the
most significant parameter followed by the friction pressure,art of PSO.
Fig. 4. Training and testing data with experimental results for TS and mH using QP model.
162 P.M. AJITH et al. / Defence Technology 11 (2015) 157e165speed of rotation and born-off length. The percentage contri-
butions of individual parameter are upsetting pressure of
47.05%, friction pressure of 25.99%, speed of rotation of
21.96% and burn-off length of 4.96%.Fig. 5. Percentages of contribution to the input parameters using QP model.4.2. Effects of process parametersThe effects of upsetting pressure and friction pressure on
tensile strength and microhardness are presented in Fig. 6.
From Fig. 6 (a) it is seen that the friction pressure varied
from 45 MPa to 125 MPa and the upsetting pressure varied
from 155 MPa to 185 MPa, and, the hardness and tensile
strength increased at maximum friction pressure Maximum
tensile strength obtained was 825 MPa at friction pressure of
185 MPa and upsetting pressure of 105 MPa. In Fig. 6 (b), the
obtained maximum microhardness was 323 MPa at friction
pressure of 85 MPa and upsetting pressure of 105 MPa. The
predicted model using quick propagation algorithm was fitted
so well to the actual values for both training and testing set.
Therefore, it could be suggested that the model trained with
QP algorithm is the most efficient model for this problem;
hence this model was applied for further application. It was
reported that the quick propagation learning algorithm could
be adopted for the training of all the ANN models [17]. The
Fig. 6. Effects of friction pressure and upsetting pressure on TS and Microhardness (mH).
Table 5
Results of confirmation test.
Result FP/MPaUP/MPa S/rpm BOL/mmmH/Hv TS/MPa
Test 105 180 2000 4 326 822
Optimized PSO model 104.92 179.10 1999.96 3.9897 325.6194 827.1727
163P.M. AJITH et al. / Defence Technology 11 (2015) 157e165predicted values of the best model for training and testing set
are presented in Table 4.
From Table 4, it is clearly seen that the testing and training
data are very closer to the experimental results. So QP model
is the most appropriate method to predict the effect of the
individual parameters of friction welding process. The input
parameters were obtained from the QP model and fed in to the
PSO algorithm to get the optimized values. The optimized
values of friction pressure, upsetting pressure, rotational speed
and burn-off length are 105 MPa, 180 MPa, 2000 rpm and
3.9 mm, respectively. The tensile strength of 827.17 MPa and
the hardness of 325.61 Hv were obtained.4.3. Results of confirmation testIn order to further validate the obtained results, the
confirmation test was carried out to verify the PSO model
results. The results of confirmation test are shown in Table 5.Fig. 7. ConfirmFrom Table 5, it is seen that the results obtained from test is
very close to the results of PSO. The photograph and macro-
graph of optimized friction welded sample are presented in
Fig. 7 (a) and (b).
The different zones of microstructures for optimized pa-
rameters are presented in Fig. 8.
The joint interface is called as the weld zone (WZ) and the
adjunct side is called as the partially deformed zone (PDZ) and
also unaffected base metal (BM). The percentage of ferrite
phase was measured using Fischer Feritscope MP 30 and
average ferrite values are presented in Table 6.
The microhardness test was carried out along the longitu-
dinal direction of the joint interface with load of 500 g and
dwell time of 10 s. The microhardness profile is shown in
Fig. 9.
Fig. 10 presents the SEM fracture surface of the confir-
mation tensile tested sample. The fracture of tensile weld
sample takes place away from the joint interface.
The XRD pattern of optimized parameter weld zone is
presented in Fig. 11.
5. Discussions
In the real time engineering applications of manufacturing
industries, the selection of proper process parameters plays aation test.
Fig. 10. SEM fracture surface of tensile tested sample.
Fig. 8. SEM micrograph of different zones of friction weld joint..
Table 6
Austenite-to-ferrite values in different weld zones.
Phases/weld zones BM PDZ WZ
Ferrite 48.58 45.15 54.58
Austenite 51.42 54.85 45.42
164 P.M. AJITH et al. / Defence Technology 11 (2015) 157e165crucial role in making quality products. In this study, the
friction welding process parameters were optimized using
PSO. The best result was obtained from QP algorithm with 4-
4-2 topology that had minimum RMSE and AAP, maximum R
and DC for both training and testing sets. From Fig. 4, it is
seen that a good agreement was made on predicted values with
observed values of QP algorithms. Fig. 5 shows that the joint
performance of the friction welded joint mainly depends on
the upsetting and friction pressures. Because of more refined
grain formation during the high UP, a large amount of heat is
generated. Fig. 6 (a) and (b) revels that more heat was
generated at higher friction pressure and also more soften state
was obtained. It was also observed that, when the upsetting
pressure was high, less amount of soften material was retained
in the weld zone. The grains were finer due to the faster
cooling rate in the weld and HAZ regions. Coarse grains were
observed at low upsetting pressure because of slow rate of
cooling. The weld zone consisted of finer grains, while the
adjunct side PDZ had the coarse grains. The refinement of
grains in the weld zone was due to dynamic recrystallizationFig. 9. Microhardness profile for optimized parameter.and also due to higher temperature in the peripheral region
[18].
During the friction welding, heat generated at both ends of
the metal rod is high. Due to this, the ends of the rods are in
red hot or plastic stage. Later the upsetting pressure is applied
and welding is completed with immediate atmospheric air
cooling.
So the simultaneous effect of short time cooling and high
upsetting pressure will result in the formation of fine grains in
PDZ and WZ regions. Another advantage is of the short timeFig. 11. XRD pattern of optimized parameter weld zone.
165P.M. AJITH et al. / Defence Technology 11 (2015) 157e165cooling prevents the phase changes. Therefore optimum
amount of austenite was reformed. Table 6 reveals that the
austenite-to-ferrite ratio is 50:50 in the three zones of the weld
like BM, PDZ and WZ. It was found that hardness and tensile
strength was mostly influenced by an interactive effect of
upsetting pressure and heating pressure.
From the confirmation experiment it is observed that PSO
results are in good agreement with the experimental results. The
deviation of the experimental values was less than 2% compared
with optimized PSO results of tensile strength and microhard-
ness values. Fig. 8 (a) and (b) reveal that thewelding carriedwith
the optimized values resulted in no welding defects like cavities
and cracks in the interface. Presence of secondary phases in
duplex stainless steel microstructure can be very harmful for its
corrosion resistance. No secondary intermetallic phases were
found from Fig. 8. From Fig. 9, it is seen that PDZ has higher
hardness values than that of WZ and base material. It is due to
the refinement of grains occurring in PDZ. This can be attributed
to work hardening effect caused by heavy deformation in PDZ
[19]. The measured average grain sizes for BM, PDZ and WZ
were in the order of 28.7, 10.6 and 22.3 microns, respectively. In
the tensile tested sample, the fracture occurred in base metal and
was away from the joint zone. The tensile strength of the weld
jointwasmuch higher than that of the basemetal (750Mpa). The
maximum tensile strength obtained using optimized parameters
was 827.17 Mpa and the experimental value was 822 Mpa. The
strength and hardness were increased due to grain refinement in
WZ and PDZ. It is also revealed that the hardness and tensile
strength values are higher in both WZ and PDZ. Fig. 10 reveals
that the ductile fracture was appeared and also the dimples were
found. The dimples were elongated in the stress direction. Due
to the high amount of ferrite content and more amounts of
dimples present in the weld zone, the tensile strength of the
joints is much higher than the strength of base material. Fig. 11
reveals that the identified peaks represent the presence of only
ferrite and austenite. No other intermetallic phases were iden-
tified in the XRD pattern. Less plastic state and slow cooling
time restricted the weld zone phase transformation.
6. Conclusions
From this investigation the following conclusions are
drawn:
1) The percentage contributions of input parameters are:
upsetting pressure ¼ 47.05%, friction pressure ¼ 25.99%,
speed of rotation ¼ 21.96%, and burn-off length ¼ 4.96%.
2) PDZ has the finer grain size compared to the weld zone
and base material.
3) Austenite and ferrite phases are present in the weld zone.
4) The tensile strength of the friction joint (optimized) is
higher than the base material strength and the fracture
occurred is in ductile nature.
5) Higher hardness values were obtained in PDZ compared to
WZ and BM. This is due to the refinement of grain size in
the weld region.6) The austenite-to-ferrite ratio is 50:50 for three zones of the
weld like BM, PDZ and WZ.
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